Combined Energy and Comfort Optimization of Air Conditioning System in
  Connected and Automated Vehicles by Wang, Hao et al.
Proceedings of ASME 2019 Dynamic Systems and Control Conference (DSCC)
October 8-11, 2019, Park City, Utah, USA
DSCC2019-8969
COMBINED ENERGY AND COMFORT OPTIMIZATION OF AIR CONDITIONING
SYSTEM IN CONNECTED AND AUTOMATED VEHICLES
Hao Wang∗
Mohammad Reza Amini
Ziyou Song
Jing Sun
Department of Naval Architecture & Marine Engineering,
The University of Michigan,
Ann Arbor, MI,
Emails: {autowang, mamini, ziyou, jingsun}@umich.edu.
Ilya Kolmanovsky
Department of Aerospace Engineering,
The University of Michigan,
Ann Arbor, MI,
Email: ilya@umich.edu.
ABSTRACT
In this paper, we propose a combined energy and comfort
optimization (CECO) strategy for the air conditioning (A/C) sys-
tem of the connected and automated vehicles (CAVs). By leverag-
ing the weather and traffic predictions enabled by the emerging
CAV technologies, the proposed strategy is able to minimize the
A/C system energy consumption while maintaining the occupant
thermal comfort (OTC) within the comfort constraints, where the
comfort is quantified by a modified predictive mean vote (PMV)
model adapted for an automotive application. A general CECO
problem is formulated and addressed using model predictive con-
trol (MPC) and weather/traffic previews. Depending on the ways
of exploiting the preview information and enforcing the OTC con-
straint, different MPCs are developed based on solving differ-
ent variations of the general CECO problem. The CECO-based
MPCs are then tested in simulation using an automotive A/C sys-
tem simulation model (CoolSim) as the virtual testbed. The sim-
ulation results show that, over SC03 driving cycle, the proposed
CECO-based MPCs outperform the baseline cabin temperature
tracking controller, reducing the A/C system energy consump-
tion by up to 7.6%, while achieving better OTC according to the
PMV-based metrics. This energy saving in A/C system translates
to 3.1% vehicle fuel economy improvement. The trade-off be-
tween energy efficiency and OTC for different control scenarios
is also highlighted.
∗Address all correspondence to this author.
1 Introduction
The advent of connected and automated vehicle (CAV) tech-
nology has created tremendous opportunities from control and
optimization perspective to improve mobility, safety, and fuel
economy/energy efficiency of the vehicles. With CAV, it is ex-
pected that the vehicle control system is able to exploit the ve-
hicle to vehicle (V2V) and vehicle to infrastructure (V2I) com-
munications for more efficient vehicle operation. Notably, most
of existing CAV-related research focuses on utilizing informa-
tion from V2V/V2I or V2X (e.g., traffic signal and traffic flow
information) to improve the powertrain system efficiency [1, 2]
via eco-driving/platooning and route planning strategies. At the
same time, the literature focusing on the vehicle thermal man-
agement and co-optimization with traction power is very limited.
For light-duty vehicles, the power used by the air condition-
ing (A/C) system usually represents the most significant thermal
load in summer. It has been shown that the A/C thermal load may
lead to dramatic vehicle range reduction, especially for the vehi-
cles with electrified powertrains [3,4]. Besides its noticeable im-
pact on vehicle range reduction, the performance of A/C system
also has a direct influence on occupant comfort and customer sat-
isfaction. Uncomfortable cabin thermal conditions can increase
the stress for the vehicle passengers, thereby inducing higher
chances of traffic accidents [5]. For a conventional A/C sys-
tem with belt-driven compressor, the A/C load directly affects the
operation of the internal combustion engine (ICE). In this case,
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the coordinated energy management of the A/C and the ICE has
been studied [6, 7], and the corresponding thermal comfort im-
plications have been investigated more recently in the context of
a multi-objective proportional-integral (PI) controller [8]. How-
ever, the V2X information has not been exploited in these works
for the A/C energy management. Moreover, as the vehicle pow-
ertrain is becoming more electrified, such mechanical coupling
and associated coordination between A/C and ICE will disappear
as the A/C compressor becomes electric-driven and with power
supplied from the on-board battery. Our previous publications
on automotive A/C energy management [9–11] have exploited
the sensitivity of A/C system efficiency to vehicle speed and ve-
hicle speed preview for reducing energy consumption. The aver-
age cabin temperature was used as the comfort metric in [9–11].
However, as shown in [12], the OTC may also depend on other
variables. More recently, we have introduced the discharge air
cooling power (DACP) in [13], which reflects the dependence of
the OTC on the vent air temperature, the air velocity, and the av-
erage cabin temperature. Other variables, such as solar radiation
and humidity, are however not captured by the DACP metric.
In order to comprehensively represent the OTC, we utilize
the predicted mean vote (PMV) model [14,15] that is well-known
and has been adopted by the heating ventilation and air condi-
tioning (HVAC) community. This PMV model was originally
developed for evaluating the indoor thermal comfort for build-
ing HVAC systems using the data from human experiments in a
thermal chamber. The PMV model has been previously applied
to temperature control in buildings [16, 18, 19]. Comfort-based
climate control for automotive applications using PMV has also
been of recent interest, see [8, 20, 22, 23].
In this paper, we propose a combined energy and com-
fort optimization (CECO) strategy for the A/C system in ve-
hicles with electrified powertrains. The comfort evaluation is
performed based on a modified PMV model. Compared with
the existing PMV-based control designs [8, 20], which directly
adopted the PMV model developed for building applications,
our modified PMV model accounts for the special characteris-
tics of automotive applications by explicitly accounting for the
solar radiation and vent air temperature. Moreover, the pro-
posed CECO strategy leverages the weather and traffic predic-
tions made available via V2X communication for improving the
energy efficiency, while maintaining the OTC within the speci-
fied constraints. A nonlinear model predictive control (NMPC)
approach is then pursued in order to exploit the preview infor-
mation and handle constraints. Using a high-fidelity automotive
A/C system model (CoolSim) [24], the effectiveness of the pro-
posed CECO strategy is demonstrated versus a baseline control
strategy that tracks a constant cabin air temperature set-point. In
addition, the trade-off between the energy efficiency and the OTC
is illustrated through different control case studies.
The rest of the paper is organized as follows. The A/C sys-
tem in an electrified powertrain, and the corresponding control-
oriented model are described in Sec. 2. Next, the modified PMV
model and the OTC constraints are described in Sec. 3. In Sec. 4,
detailed CECO problem formulation is presented. Simulation re-
sults are reported in Sec. 5. Eventually, conclusions are given in
Sec. 6.
2 Air Conditioning (A/C) System in an Electrified
Powertrain
Fig. 1 provides a schematic of a typical A/C system in an
electrified powertrain in which an onboard battery supplies the
power to the major power consumers in the A/C system, namely,
the compressor (Pcomp) and the other auxiliaries (Paux) including
the condenser fan and the blower. There are two major loops
of flow in the A/C system, the refrigerant loop (RL) shown in
yellow lines and the cabin air loop (CAL) shown in blue lines.
In practice, depending on the cooling power demand from the
CAL, the actuators in the RL including the compressor, the con-
denser fan, and the thermal expansion valve, etc., are coordi-
nated to maintain the evaporator wall temperature (Tevap) within
the desired and safe range. From the comfort perspective, there
are many variables within the CAL that will influence the OTC
such as the average cabin air temperature (Tcab), the cabin inte-
rior (e.g., seats and panels) temperature (Tint ), the vent air tem-
perature (Tain), the air flow rate (m˙bl), and the solar radiation
(Wrad) [12]. These variables will be considered in a more com-
prehensive OTC model described in the next section. The vari-
ables Vveh, Tamb, Tshell represent the vehicle speed, ambient air
temperature, and cabin shell temperature, respectively.
FIGURE 1. Schematic of the A/C system in an electrified powertrain.
The detailed physical modeling of this A/C system and espe-
cially the modeling of the RL is complicated [25]. In order to val-
idate the control design, we adopt a high-fidelity CoolSim model
developed by the National Renewable Energy Lab (NREL) [24].
Its architecture is shown in Fig. 2. Simulations of CoolSim
model have revealed [9] that the A/C efficiency increases as vehi-
cle speed increases. This is attributed to the condenser dissipat-
ing the heat more efficiently as the ram air speed increases. This
sensitivity will also be exploited in the CECO strategy developed
in this paper to facilitate the efficient and comfortable A/C oper-
ation. A control-oriented discrete-time model of the A/C system
2
FIGURE 2. Schematic of the CoolSim model.
has been developed in [9], and has the following form:
Tcab(k+1) = fTcab(k) = Tcab(k)+ γ1(Tint(k)−Tcab(k)) (1)
+ γ2(Tshell(k)−Tcab(k))
+ γ3(Tain(k)−Tcab(k))m˙bl(k)+ τ1,
Tevap(k+1) = fTevap(k) = γ4Tevap(k) (2)
+ γ5(Tevap(k)−T s.p.evap(k))+ τ2,
Tain(k) = γ6Tevap(k)+ γ7m˙bl(k)+ τ3, (3)
where the temperatures are defined as indicated in Fig. 1 and have
units of K [9]. Two control inputs are the air flow rate through
the blower, m˙bl (in kg/s), and the evaporator wall temperature
set-point, T s.p.evap (in K), respectively. The constant parameters
(γ1, ...,γ7 and τ1, ...,τ3) are identified and validated versus the
CoolSim outputs. Furthermore, the compressor power (Pcomp)
and the auxiliary power (Paux) can also be estimated based on the
inputs and states of the model (1)-(3).
3 Occupant Thermal Comfort (OTC) Model
In this section, we present the OTC model based on the mod-
ified PMV which accounts for multiple factors, including solar
radiation and vent air temperature.
3.1 Original PMV model
In the original PMV model for indoor spaces described in
[15,16], the PMV index computation exploits the following heat
balance equation,
M−Wmech = H +Ec+Cres+Eres, (4)
where M and Wmech represent the metabolic rate of the occupant
and the effective mechanical power due to work performed by
the occupant, respectively. The terms on the right of (4), H, Ec,
Cres, and Eres represent the dry heat loss, the evaporative heat
exchange at skin, the respiratory convective heat exchange, and
the respiratory evaporative heat exchange, respectively. All these
variables are in units of W/m2. When Eqn. (4) holds, the best
OTC level is achieved. Otherwise, the occupant feels either warm
or cold. Inspired by this heat balance equation, the PMV index
is calculated by [14, 15]:
y∗PMV = (0.303e
−0.036M +0.028)[(M−Wmech)
− (H +Ec+Cres+Eres)], (5)
where,
H = 3.96 ·10−8 fcl [(Tcl +273)4− (Tmr +273)4]
+ fclhc(Tcl−Ta), (6)
Ec = 3.05 ·10−3[5733−6.99 · (M−Wmech)− pa]
+ 0.42(M−Wmech−58.15), (7)
Cres = 0.0014M(34−Ta), (8)
Eres = 1.7 ·10−5M(5867− pa), (9)
Tcl = 35.7−0.0275(M−Wmech)− Icl{M−Wmech
− 3.05[5.73−0.007(M−Wmech)− pa]
− 0.42(M−Wmech−58.15)−0.0173M(5.87− pa)
− 0.0014M(34−Ta)}, (10)
hc =
{
2.38|Tcl−Ta|0.25, 2.38|Tcl−Ta|0.25 > 12.1
√
Vair,
12.1
√
Vair, 2.38|Tcl−Ta|0.25 ≤ 12.1
√
Vair,
fcl =
{
1.05+0.645Icl , Icl > 0.078,
1.00+1.29Icl , Icl ≤ 0.078, (11)
with Tcl , Tmr, Ta being the cloth surface temperature, the mean ra-
diant temperature, and the air temperature (in oC), respectively.
The constants (or variables) fcl , hc, Icl , pa, and Vair represent
the clothing surface area factor, the convective heat transfer co-
efficient (in W/(m2 ·K)), the clothing insulation (in m2 ·K/W ),
the partial water vapor pressure (in Pa), and the relative air ve-
locity (in m/s), respectively. Note that this model represents the
comfort of an average people in population level. The model co-
efficients of this empirical model may change when applied to a
specific individual.
3.2 Modified PMV model for automotive applications
In automotive applications, the passengers are subject to di-
rect solar radiation and their thermal sensations are also influ-
enced by the vent air velocity and temperature since they sit close
to the vents. To account for these effects, modifications to the
original PMV model are now proposed. Firstly, the heat balance
equation (4) is modified as
M+Wrad = H +Ec+Cres+Eres, (12)
where Wrad represents the effective solar radiation power in the
unit of W/m2 and we assume Wmech = 0 since there is no mechan-
ical work associated with the occupant sitting inside the cabin.
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Secondly, the PMV index computation (5) is modified to the fol-
lowing form:
yPMV = (0.303e−0.036M +0.028)[(M+Wrad)
− (H +Ec+Cres+Eres)], (13)
where H, Ec, Cres, and Eres are evaluated based on (6)-(11) and
with
Ta = α1Tcab+α2Tain, (14)
where α1 and α2 are the parameters introduced to account for the
impact of Tain. As compared to the original PMV model used in
[8,20], we introduced the new input Wrad to account for the solar
radiation impact on the OTC and we combined the impacts of
Tcab and Tain in Eqn. (14) instead of using Ta = Tcab. In this work,
several assumptions have been made in the yPMV evaluation:
1. Wrad is time-varying depending on average solar radiation,
cloud coverage, vehicle orientation, etc. It is assumed to be
known via V2X communications, e.g., using the approach
in [21]. In the simulations, Wrad trajectory over the driving
cycle is specified to qualitatively demonstrate the solar ra-
diation impact on the OTC (i.e., the occupant tends to feel
hotter as Wrad increases);
2. Similar to [22], we use the cabin interior temperature to rep-
resent the mean radiant temperature (i.e., Tmr = Tint ), which
is mainly used for capturing the radiative heat transfer of the
human body to the cabin;
3. Vair is assumed to be only affected by m˙bl so that Vair may be
directly controlled. Furthermore, there is a prescribed linear
mapping between m˙bl and Vair;
4. For simplicity, humidity control is not considered in current
MPC design, therefore pa is assumed to be constant (1700
Pa) for the yPMV evaluation.
Note that according to the original definition of the PMV
index, yPMV = 0, where yPMV is defined by Eqn. (13), represents
the best comfort level as the heat balance is achieved in Eqn. (12).
The occupant feels warm or cold depending on whether yPMV is
positive or negative, respectively. In Table 1, the PMV-based
thermal sensation level is determined according to [15].
3.3 Occupant thermal comfort (OTC) constraints
As illustrated in Fig. 3, the upper and lower bounds on yPMV
shown in the dotted black lines are assumed to be prescribed,
which may depend on occupant’s personal cooling preference.
The comfort zone is defined as the region between the upper and
lower bounds. The region complimentary to the comfort zone
is referred to as the complain zone. We further define the case
when yPMV is above the upper bound as undercooling and the
case when yPMV is below the lower bound as overcooling. In the
cooling case studied in this paper, the upper bound on yPMV is
TABLE 1. PMV-based occupant thermal sensation level.
yPMV Thermal sensation level
3 Hot
2 Warm
1 Slightly warm
0 Neutral
-1 Slightly cool
-2 Cool
-3 Cold
time-varying to accommodate the realistic response of the A/C
system in summer as it usually takes some time to cool down the
cabin to the comfort level.
FIGURE 3. Illustration of the OTC constraints.
4 Combined Energy and Comfort Optimization
(CECO) Problem Formulation
4.1 General CECO problem formulation
The general CECO problem is formulated as follows with
the objectives of minimizing the energy consumption while
maintaining yPMV within comfort zone:
min
m˙bl(·|k)
T s.p.evap(·|k)
Np
∑
i=0
{
Pcomp(i|k)+Pbl(i|k)
}
,
s.t. Tcab(i+1|k) = fTcab(i|k), i = 0, · · · ,Np,
Tevap(i+1|k) = fTevap(i|k), i = 0, · · · ,Np,
yLBPMV (i|k)≤ yPMV (i|k)≤ yUBPMV (i|k), i = 0, · · · ,Np,
T LBevap(i|k)≤ Tevap(i|k)≤ TUBevap(i|k), i = 0, · · · ,Np,
0.05 kg/s≤ m˙bl(i|k)≤ 0.17 kg/s, i = 0, · · · ,Np−1,
3oC ≤ T s.p.evap(i|k)≤ 10oC, i = 0, · · · ,Np−1,
Tcab(0|k) = Tcab(k), Tevap(0|k) = Tevap(k),
(15)
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where (i|k) denotes the predicted value of the corresponding vari-
able at time instant k+ i when the prediction is made at the time
instant k, Np represents the prediction horizon, the overall en-
ergy consumption of the A/C system is determined by the sum of
compressor (Pcomp) and blower (Pbl) powers in the cost function,
fTcab(i|k) and fTevap(i|k) represent the major system dynamics as
defined in Eqns. (1) and (2), yLBPMV and y
UB
PMV are the lower and up-
per bounds on yPMV , and T LBevap and T
UB
evap are the lower and upper
bound on Tevap, which account for the system operating limits.
The lower and upper bounds on yPMV applied in the simulation
case studies over SC03 driving cycle are illustrated in Fig. 4. The
upper and lower bounds on m˙bl and T
s.p.
evap are determined based
on our particular A/C system operating limits. Note that in PMV-
related studies [17], the comfort zone typically corresponds to
yLBPMV =−0.5 and yUBPMV = 0.5.
FIGURE 4. yUBPMV and y
LB
PMV over SC03 driving cycle.
4.2 CECO with energy priority (CECO-E) and with
comfort priority (CECO-C)
Based on the general CECO problem formulation in
Sec. 4.1, different variations in the controller design can be con-
sidered according to different objectives. To accommodate the
trade-off between the energy consumption and the OTC, a mod-
ified cost function as compared to the one in (15) is proposed as
follows,
min
m˙bl(·|k)
T s.p.evap(·|k)
Np
∑
i=0
{
Pcomp(i|k)+Pbl(i|k)+ γ · y2PMV (i|k)
}
, (16)
where γ is the penalty on the deviation from yPMV = 0, which
represents the ideal OTC level. We further refer to the case when
γ = 0 as CECO with energy priority (CECO-E) and refer to
the case when γ equals to a large positive number (i.e., 105 in our
case) as CECO with comfort priority (CECO-C). Note that
CECO-C is expected to consume more energy for providing bet-
ter OTC level compared with CECO-E.
4.3 CECO with intelligent online constraint handling
(CECO-IOCH)
As discussed in the previous section, better OTC can be
achieved by adding a penalty term to the cost function of the gen-
eral CECO problem, however, this may unnecessarily increase
energy consumption. Here, we propose a more energy efficient
approach for improving the OTC, which specifically leverages
the vehicle speed preview. This approach is implemented by
solving the following variation of the CECO problem with in-
telligent online constraint handling (IOCH), which is designated
as CECO-IOCH.
min
m˙bl(·|k)
T s.p.evap(·|k)
ε(·|k)
Np
∑
i=0
{
Pcomp(i|k)+Pbl(i|k)+β
(ηAC(i|k)−1
ε(i|k)+ξ
)}
,
s.t. Tcab(i+1|k) = fTcab(i|k), i = 0, · · · ,Np,
Tevap(i+1|k) = fTevap(i|k), i = 0, · · · ,Np,
yLBPMV (i|k)≤ yPMV (i|k)≤ yUBPMV (i|k)− ε(i|k), i = 0, · · · ,Np,
T LBevap(i|k)≤ Tevap(i|k)≤ TUBevap(i|k), i = 0, · · · ,Np,
0.05 kg/s≤ m˙bl(i|k)≤ 0.17 kg/s, i = 0, · · · ,Np−1,
3oC ≤ T s.p.evap(i|k)≤ 10oC, i = 0, · · · ,Np−1,
0≤ ε(i|k)≤ εUB, i = 0, · · · ,Np−1,
Tcab(0|k) = Tcab(k), Tevap(0|k) = Tevap(k),
(17)
where ηAC ≥ 1 is an efficiency multiplier [10], which is a
function of the vehicle speed (larger value of ηAC represents
higher efficiency in A/C system), β , ξ , and εUB represent the
weighing factor, the regularity term, and the constant upper
bound on ε , respectively. When compared with the problem for-
mulation in (15), an additional optimization variable ε(i|k) is in-
troduced and calculated online to actively tighten yUBPMV (i|k) con-
sidering the speed sensitivity of the A/C system efficiency [9].
The basic idea of CECO-IOCH is tightening yUBPMV (i|k) to pro-
vide better OTC only when A/C system is operating in high ef-
ficiency regions (i.e., high vehicle speed regions). By utilizing
this speed sensitivity, better energy efficiency may be achieved
while maintaining the same OTC level. This IOCH mechanism
was first proposed in [10] for tightening the constraint on Tcab
based on the same speed sensitivity exploited here. yUBPMV (i|k)
and yLBPMV (i|k) used in CECO-IOCH case are the same as the ones
applied in the general CECO problem. Note that CECO-IOCH
leverages both weather (Wrad) and traffic (Vveh) preview infor-
mation while CECO-E and CECO-C only utilize the weather
prediction. The NMPC problems (15)–(17) are solved numeri-
cally using the MPCTools package [26]. This package exploits
CasADi [27] for automatic differentiation and IPOPT algorithm
for the numerical optimization.
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FIGURE 5. Schematic of implementing CECO-based MPC controller with CoolSim model in Simulink®.
5 Simulation Results
In order to compare with the CECO-based designs (i.e.,
CECO-E, CECO-C, and CECO-IOCH), a baseline strategy is de-
fined by applying a PI anti-windup controller to track a constant
cabin temperature set-point. This baseline strategy represents a
more conventional A/C system control strategy, which considers
the average cabin temperature as the only measure of the OTC.
The implementation of CECO-based MPC controller in closed-
loop with CoolSim model is illustrated in Fig. 5, which takes the
measurements from the CoolSim model, the OTC evaluation, the
weather and traffic predictions as inputs and updates the controls
of the A/C system. The three design scenarios are implemented
by solving variations of the general CECO problem in (15). The
MPC controller is updated at the sampling time Ts = 5 sec with
prediction horizon Np = 6. The weather (Wrad) and traffic (Vveh)
previews are assumed to be known over the prediction horizon.
Their trajectories over SC03 cycle are shown in Fig. 6.
FIGURE 6. Weather and traffic preview information for the case stud-
ies, which are assumed available via CAV technologies.
In Fig. 7, the time histories of major system outputs based on
the closed-loop simulations with the CoolSim model are shown
for different control strategies. In Fig. 7-(a) which shows the
yPMV trajectories, the hard constraints on the OTC are plotted in
dotted black lines. It is shown that the baseline controller reg-
ulates Tcab to track the set-point (26 oC), however, according
to yPMV , this baseline strategy violates the OTC constraints for
a significant amount of time, leading to both undercooling and
overcooling cases. In comparison, all CECO-based control de-
signs are able to overall maintain the OTC within the comfort
zone. The energy and comfort comparisons of these four cases
are provided in Fig. 8. The total A/C energy consumption (Etot )
over the simulation time T is calculated by
Etot =
∫ T
t=0
(Pcomp(t)+Pbl(t))dt. (18)
To quantify the OTC level, two metrics are considered: IPMV
is defined as
IPMV =
∫ T
t=0
y2PMV (t)dt, (19)
and OTC violation is defined as
OTC violation =
T˜
T
×100%, (20)
where,
T˜ = {
∫ T
t=0
x(t)dt
∣∣∣ (21)
x(t) =
{
1 : if yPMV (t)> yUBPMV (t) or yPMV (t)< y
LB
PMV (t),
0 : otherwise, }.
As shown in Fig. 8, comparing CECO-E with the baseline
strategy, the energy consumption of the A/C system is reduced
by 15.9%, and lower OTC violation is achieved with higher IPMV
value. When CECO-C is applied, 4.1% energy is saved com-
pared with the baseline strategy, meanwhile, lower values in Ipmv
and OTC violation indicate that better comfort level has also
been achieved. By comparing the CECO-IOCH results with the
CECO-C, the benefit of incorporating traffic preview information
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FIGURE 7. Simulation results from CoolSim model when comparing different CECO-based designs with the baseline strategy.
FIGURE 8. A/C system energy consumption and the OTC compar-
isons.
is demonstrated. While CECO-IOCH design provides similar
OTC level, it saves more energy by exploiting the speed sensitiv-
ity of the A/C system efficiency. Note that the OTC violations in
CECO-C and CECO-IOCH are all from the initial responses at
the very beginning of the cycle while in CECO-E, due to model
mismatch, operating close to the constraint leads to higher OTC
violation which may occur at certain instants over the entire sim-
ulation period. CECO-based designs save energy by avoiding the
overcooling, which consumes energy and compromises the com-
fort. In our simulation case studies, as Wrad gradually decreases
(shown in Fig. 6), the CECO-based designs coordinate with the
trend of Wrad and decrease the A/C usage accordingly while en-
forcing the OTC constraints.
To further validate the impact of the proposed CECO-based
FIGURE 9. Vehicle-level equivalent energy consumption compari-
son.
strategy on vehicle level energy consumption, we utilize the same
powertrain model from [10], which was developed and partially
experimentally validated against a Prius HEV (MY 2017) data.
For the validation, the same powertain controller is applied with
the A/C power trajectories from different design cases shown in
Fig. 7. As can be seen from Fig. 9, CECO-E, CECO-C, and
CECO-IOCH reduce the vehicle energy consumption by 6.4%,
1.8%, and 3.1%, respectively, when compared with the baseline
strategy over the SC03 driving cycle.
6 Conclusions
A combined energy and comfort optimization (CECO) strat-
egy for the A/C system in connected and automated vehicles
(CAVs) has been proposed in this paper with the objective of
minimizing the A/C energy consumption and maintaining the oc-
cupant thermal comfort (OTC) level. The OTC has been modeled
using a modified predictive mean vote (PMV) model which has
7
been modified to account for the special characteristics of the au-
tomotive A/C systems. By varying the formulation in the general
CECO problem, three CECO-based controllers have been devel-
oped and tested on the high-fidelity CoolSim model. These con-
trollers differ in their ways of leveraging the weather and traffic
preview information and enforcing the OTC constraints. In the
simulations over the SC03 driving cycle, the CECO-based con-
trollers can reduce the A/C energy consumption by up to 7.6%,
which translates into 3.1% vehicle fuel savings, while providing
a better OTC level when compared with a conventional PI and
anti-windup based controller which tracks a constant cabin tem-
perature set-point. The trade-off between energy and comfort for
different cases has also been highlighted.
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